Abstract-In this paper Knowledge Discovery System (KDS) is proposed and implemented for the extraction of knowledge-mean stiffness of a polymer composite material in which when fibers are placed at different orientations. Cosine amplitude method is implemented for retrieving compatible polymer matrix and reinforcement fiber, which is coming under predicted fiber class, from the polymer and reinforcement database respectively, based on the design requirements. Fuzzy classification rules to classify fibers into short, medium and long fiber classes are derived based on the fiber length and the computed or derive critical length of fiber. Longitudinal and Transverse module of Polymer Matrix Composite consisting of seven layers with different fiber volume fractions and different fibers' orientations at 0,15,30,45,60,75 and 90 degrees are analyzed through "Rule-of Mixture" material design model. The analysis results are represented in different graphical steps and have been measured with statistical parameters. This data mining application implemented here has focused the mechanical problems of material design and analysis. Therefore, this system is an expert decision support system for optimizing the materials performance for designing light-weight and strong, and cost effective polymer composite materials.
INTRODUCTION
Polymer matrix composites are lightweight, strong, and energy-efficient materials offer significant advantages to durable-goods manufacturers and to performance-driven markets such as the electronics and communications, computer manufacturing industry and medical fields and are being used in a wide range of applications from aeronautics to sports [3] . A typical Polymer Matrix Composite (PMC) consisting of reinforcing structural constituent and a protective polymer matrix is shown in figure 1 .
The purpose of the reinforcement is to offer specific mechanical solutions in terms of weight, performance and price. The properties of the composite material are significantly better than the sum of the properties of each component, giving materials with high strength-to-weight ratios. As a result, Polymer Matrix Composite parts are generally 20% to 30% lighter than the corresponding metal parts.
PMCs have many benefits to their selection and use. The selection of materials depends on the performance and intended use of the product. The composite designer can tailor the performance of the end product with proper selection of materials based on the end-users requirements.
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Mangalore University, It is important for the end-user to understand the application environment, load performance, durability requirements of the product and convey this information to the composites industry professional. Polymer Matrix Composite design is being played a significant role with the limitations of powerful digital computers in modeling and simulation of Polymer Matrix Composites. Incorporation of knowledge based system and artificial intelligence algorithms in simulation and modeling systems improves the decision making accuracy and design throughput in concurrent manufacturing technology [12] .
Back Ground Studies
Over the last two decades, rule based knowledge-based techniques have emerged as powerful decision support tools for simplifying modeling polymer matrix composites. The use of expert systems in the fields of polymer matrix or polymeric-based composites material selection has been reported in the literature [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . Computer packages on the material selection of polymer materials that are currently gaining popularity include Plascams [3] and PERITUS [4] . Plascams [3] is an expert system for plastic material selection, which works using two search routines, which enables the user to search materials qualities from hundreds of materials. PERTUS [4] contains expert systems for selection of polymer as well as for Metal and Ceramic materials, and for design process. It performs manipulations of the data to assist with the preliminary selection of materials.
More emphasis and efforts have been made by the scientists in Intelligent Systems Laboratory (ISL) at Michigan State University, U.S.A., towards developing rule based intelligent decision support systems [5] [6] [7] [8] [9] [10] [11] [12] that aid the solution of complex problems through precompiled domain knowledge and specific inferencing techniques. ISL has developed domain rule based intelligent decision support systems such as COMADE [8] for specifying the combinations of polymer matrix materials, chemical agents (curing, reactive diluents), fiber materials, and fiber lengths. The design of polymer composite material systems specifies nothing other than determining valid combinations of material system constituents. Besides the intelligent decision support systems developed at ISL, other researchers have developed generating tools such as Composite Part Designer (CPD) [9] , the Composite Designer (COMDES) [10] , and Expert Assisted Design of Composite Structures (EADOCS) [11] . These developed tools can share a conceptual design philosophy and have incorporated the capabilities of expert systems of ISL.
Several generic studies on reinforcement fiber performance analysis with polymer matrix have been reported in the literature [14] [15] [16] [17] [18] . A Finite element simulation model [14] is developed for the analysis of fiber/matrix interface in unidirectional fiber-reinforced composites and for analyzing stress along longitudinal and transverse direction of fibers. Micromechanical modeling of fiber composites under off-axis loading [15] is implemented in the nonlinear explicit finite element code DYNA3D to demonstrate the effect of the fiber reorientation on the behavior of laminated composite materials in crash simulations. Finite element simulation model [16] is implemented for performance analysis in a material contained 109.8 mm long fiber with uniformly distributed fiber with angle orientations between 11.8 and 56.0.
Data mining application with unsupervised learning SOM algorithm [17] determines the knowledge for clustering reinforcement materials for a candidate polymer based on their effective costs. Knowledge discovery system for costeffective composite polymer selection implemented with materials design model "Rule-of Mixture" [18] classifies reinforcement fibers into short, medium and long fiber categories and determines the cost effective reinforcement fibers for a given candidate polymer matrix. In this system, critical length of the fiber, mm l c 25 . 0 = , was assumed and the reinforcement fibers under long class were considered for the determination of least cost fibers for the given cylindrical shaft specifications. In the proposed system, the critical length of fibers, which was assumed in knowledge discovery system [18] , is computed for the determining the effective performance of polymer matrix composites. This paper is organized as follows. The second section describes the architecture of the proposed Knowledge Engineering System. The third section describes the polymer matrix selection process and the reinforcement fiber classification on derived fiber critical length. Forth section describes the analysis steps incorporated in Knowledge Engineering Tool (KET) for analyzing the stiffness of the composite when fibers are placed at different orientations. The fifth section describes the experimental results and discussions. Section six gives conclusions and briefs about future work.
KNOWLEDGE DISCOVERY SYSTEM
"The science of extracting useful information from large data sets or databases" has been rapidly expanding, and attracting many new researchers and users. The underlying reason for such a rapid growth is a great need for systems that can automatically derive useful knowledge from vast volumes of computer data being accumulate and organize. The major trust of research has been to develop a repertoire of tools for discovering both strong and useful patterns in large databases.
Since there is a vast array of different tasks for which knowledge generated from data can be used, a data mining system has to use advanced knowledge representations and be able to generate many different types of knowledge from a given data source. This problem is being partially addressed by the growing inventory of available data mining programs [19] [20] [21] . These programs are, however, often arranged into toolboxes, and individuals programs have to be manually invoked. Using such toolboxes can, therefore, be a very laborious and time consuming process, and may require considerable expertise. This problem is being partially addressed by the development of multistrategy data mining systems that integrate different data mining tools [25] . To automate further a data mining process, such tools need to be invokable through a high-level knowledge generation language [24] . Since users want to understand data mining results, an important research direction is also the development knowledge visualization methods [22] . To address the research direction that aims at achieving all the above-mentioned tasks, the term knowledge mining is used here. Knowledge mining can thus be characterized as concerned with developing and integrating a wide range of data analysis methods that are able to derive directly or incrementally new knowledge from large (or small) volumes of data using relevant prior knowledge. The process of deriving new knowledge has to be guided by criteria inputted to the system defining the type of knowledge a particular user is interested in. Algorithms for generating new knowledge must be not only efficient but also oriented toward producing knowledge satisfying the comprehensibility postulate, that is, easy to understand and interpret by the users [23] . Knowledge mining can be simply characterized by the following mapping formula:
Where Goal is an encoding of the knowledge needs of the user(s), and New Knowledge is knowledge satisfying the Goal. Such knowledge can be in the form of decision rules, association rules, decision trees, conceptual or fuzzy based similarity measure models, mathematical equations, Bayesian nets, statistical summaries, visualizations, natural language summaries, or other knowledge representations. A typical knowledge engineering system architecture shown in figure 2 is followed the above knowledge mining mapping formula. The proposed system consists of storage repositories: polymer matrix database and reinforcement database, which have organized with data of polymers and reinforcements respectively, knowledgebase of pre designed geometrical attributes of final component design specifications, polymer matrix selection tool for the section of polymer matrix based on the end user requirements, reinforcement fiber classification and selection tool for the classification of reinforcement fibers based on the derived critical length obtained from the attributes of selected polymer matrix and Knowledge Engineering Tool(KET) for engineering knowledge extracted from the tools and knowledge
defined in knowledgebase. All the modules are integrated together by user graphical interface that provides designer effective interface environment for polymer matrix composite performance analysis on input and output requirements. The details of procedures implemented in each tools of Knowledge Engineering System are described in the following sub sections.
POLYMER MATRIX SELECTION
Traditional database techniques have been adequate for many applications involving alphanumeric records, which could be ordered, indexed and searched, for matching patterns in straight forward manner. However, in many scientific database applications, the information is nonnumerical by nature. In particular, the large scale materials databases emerge as the most challenging problem in the field of scientific databases. This is due to the large volume of data generated by the powerful computer based modeling and simulation procedures. The database methodologies are concerned with efficient storage and record retrieval. A good database offers fast search coupled with the ability of to handle large verities of queries.
Several computer aided rule based material selection systems [3] [4] [8-9] [10-11] have been developed with similarity search techniques to retrieve information from the computerized database on design requirements. Similarity base patterns search involves searching for pattern or objects based on certain characteristics known before hand of the target pattern. Some of the common similarity measures used are Euclidian distance, Linear correlation, Discrete Fourier Transformation etc. The methods described are all mathematical; however in real life most of the properties describing objects or materials are not quantitative, qualitative data including fuzzy data. Fuzzy logic provides the essential tool to utilize qualitative knowledge in the knowledge discovery process [24] . It allows a focused search in the database that can be defined "qualitatively". It also defines the association among materials within the data set which can be expressed in a qualitative format. Fuzzy logic modeling is probability based modeling; it has many advantages [32] over the conventional rule induction algorithms. The first advantage is that it allows processing of very large data sets which require efficient algorithms. Fuzzy logic based rule induction can handle noise and uncertainty in data values well. Fuzzy based procedures [26] [27] [28] have been developed for information retrieval from databases.
In the polymer matrix tool proposed in the knowledge engineering system, fuzzy membership functions are implemented for mapping fuzzy data in the input design requirements to crisp values, the fuzzy based Cosine amplitude similarity method [34] is implemented for determining fuzzy similarity strengths between the input requirements and the materials' features stored in the database, and for retrieving the material' features that match the input design requirements.
Fuzzy Membership functions
Fuzzy membership functions are the mapping functions for the fuzzy data containing linguistic terms, fuzzy sets or fuzzy numbers to crisp data. If the fuzzy data are linguistic terms, they are transformed into fuzzy numbers first, and then all the fuzzy numbers are assigned crisp scores. The numerical approximation systems shown in figure 3 (a) and 3(b) are proposed for converting linguistic terms in the input design requirements into their corresponding fuzzy numbers. 
Fuzzy Similarity Measure
Properties of the materials organized in the database are treaded as N-dimensional feature vectors. The similarity matrix makes use of a collection of N samples and forms a data array X.
Each of the elements in the data array X is itself a vector of length m that
Hence 
The close inspection of above equation reveals that this method is related to the dot product for the cosine function. When two vectors are collinear (most similar) their dot product is unity; when two vectors are at right angles to one another (most dissimilar) their dot product is zero. The global similarity measure between the input requirement pattern vector Y and polymer matrix patterns in the data array X is given by
Fiber Reinforcement Classification and Selection
Technologically, the most important composites are those in which the dispersed phase is in the form of a fiber. Design goals of fibers-reinforced composites often include high strength and /or stiffness on a weight-basis. These characteristics are expressed in terms of specific strength and specific modulus parameters, which correspond to, respectively, to the ratio of tensile strength to specific gravity and modulus elasticity to specific gravity. Some critical fiber length is necessary for effective strengthening and stiffening of the composite material. Selection of cost effective reinforcement fiber under any fiber length category (Short, Medium and Long) and is associated to a polymer matrix, which has been selected on design requirements in 3.2 is done through the Cosine amplitude similarity method.
KNOWLEDGE ENGINEERING TOOL
Designing composite parts offer some challenges and disadvantages. These disadvantages, when known and controlled, can be turned into advantages. When designing composite parts fibers will tend to orient in different directions. This orientation improves mechanical properties in the fiber directions while diminishing in the transverse directions. If the fiber orientation can be predicted and thus controlled, the designer can optimize the geometry and process to produce a lighter weight and low cost product. Current technologies permit fiber orientation to be predicted with molding simulation software [29] [30] [31] . Combining results of fibers orientation with structural analysis the molding process can be modified to adapt fiber orientations to strengthen the part in critical structural areas.
The arrangement or orientation of the fibers relative one another, the fiber concentration, and the distribution all have a significant influence on the strength and other properties of fiber-reinforced composites. With respect to the orientation, there are two possible arrangements 1) Parallel alignment of the longitudinal axis of the fibers in a single direction. 2) A totally random alignment. Continuous fibers are normally aligned, where as discontinues fibers may be aligned, randomly oriented or partially oriented. Better over, all composite properties are realized when the fiber distribution is uniform. Material modeling technique -analytical micromechanics model called "Rule of Mixtures" [35] is proposed and implemented in the knowledge engineering tool for the analysis of stiffness of composite part having different planes with uniform distribution of fibers, relative and different fibers' orientations in each plane.
Continuous And Aligned Fibers
The properties of a composite having its fibers aligned are highly anisotropic, that is independent on the directions in which they are measured. The modulus of elasticity of a continuous and aligned fibrous with very good fibermatrix bond strength or shear yield strength, c τ , in the direction of alignment or longitudinal direction, is proportional to the sum of products of modulus of elasticity and volume of both polymer matrix and fiber reinforced in the polymer matrix composite, whose volume is equal to Area= Length * Breadth * Height. Polymer Matrix Composite with typical arrangement of continuous and aligned fibers along the direction of the applied load is shown in the figure 5 and its longitudinal modulus of elasticity is In a fibrous composite with the applied stress aligned perpendicular to the fibers, the stress is transferred to the fibers through the fiber matrix interface and both the fiber and the matrix experience the same stress. This longitudinal modulus of elasticity of composite sets up a vector relationship between modulus of elasticity and volume of both fiber and matrix phases, whose magnitude satisfies the relational boundary of Cosine amplitude method [35] . A Polymer Matrix Composite having typical fiber arrangements perpendicular to the direction of force applied is shown in figure 6 and its transverse modulus of elasticity is When the fibers are placed at different angles start from 00 -900, the composite stiffness of the continuous and aligned fibers along the direction of the force applied and along the axis of fibers, decreases from the composite stiffness at 00 to the stiffness strength at 900, ie.0 GPa. Mean while the composite stiffness of the continuous and aligned fibers perpendicular to the force applied and along the fibers axis, gradually increases from 0 to 1 GPa. Polymer Matrix
Composite in which fibers relatively oriented with θ = 45 is shown in figure 7 and its composite longitudinal modulus elasticity is
The transverse modulus of elasticity of composite having continuous fibers oriented at θ (0-90) with respect to the direction of the force applied is
Composite Stiffness Analysis
In the composite having volume 
Number of possible fibers at ith plane is ) (
The total volume of fiber phase at ith plane is and composite transverse modulus of elasticity(CTME) of composite part is
GPa (13)
A typical composite having N planes and fibers uniformly distributed with relative fiber orientation, θ in each plane and force acting along the direction of fiber alignment is shown in figure 8 .
The mean longitudinal modulus of elasticity (Mean-CLME) the composite having the planes { } 
And the mean transverse modulus of elasticity (Mean-CTME) the composite having planes { } N P P P ,...... , 2 , 1 in which fibers oriented at degreeθ with respect to the direction of the fore applied is
When the composite consisting of N planes and in each plane, fibers are relatively arranged at θ (i) degree orientation, Mean-CLME and Mean-CTME are computed by equations (15) and (16) [ ]
EXPERIMENTAL RESULTS AND DISCUSSION
The knowledge engineering system is implemented for engineering the knowledge/extracting new knowledge from the analysis of the knowledge, which are being extracted by the mining tools on databases and the prior knowledge defined in the knowledgebase, for the desired goals.
The Data mining and knowledge engineering application has projected on mechanical problems related to polymer matrix composites design and their performance analysis in concurrent engineering. The micro structural variables, which will control the properties of the composite, include the mechanical properties of the fiber reinforcement and physical properties such as amount of reinforcement in the matrix, the size and length of the reinforcement and these are depicted in input requirements column in table 2. The properties of the matrix in which the reinforcement is placed include the mechanical properties that are listed in the input requirements columns in the table 1. Properties shown in table 3 are the physical properties of composite that control the mechanical behaviors of both polymer matrix and reinforcement fibers. 
Length of Composite ---------------L cm
Breadth of Composite ---------------B cm
Height of Composite ---------------B cm
Number of layers in composite ---N Size of each layer -Length* Breadth cm
Orientation of fibers ----------θ 0
Polymer Matrix and Reinforcement Fiber Selection
Selection of polymer matrix from the database containing vast materials' features is an important task. The desired properties of polymer matrix, shown in the table 1, are fed to the polymer matrix selection tool through the interactive interface; firstly it transforms all the fuzzy data into its corresponding crisp data. The fuzzy relationships between input design requirement feature vector and the feature vectors in the polymer database are computed. Finally the feature vector in the polymer database having highest fuzzy similarity strength value is selected and retrieved as the compatible polymer matrix. The compatible polymer material selected against the input design requirement is shown in the table 2. The fiber class, from which a compatible reinforcement fiber is to be selected, is predicted by the fuzzy classification rules related to fiber length and computed critical length of fiber. Under the predicted fiber class, a compatible reinforcement fiber' futures that match the input design reinforcement requirements in the table 3, are selected and listed in the table 4. The composite properties that control the mechanical behaviors of both polymer matrix and reinforcement fiber are listed in the table 5. The knowledge extracted from both the polymer matrix and fiber reinforcement tools are tailored for the analysis of the composite fiber performance.
Composite Stiffness Analysis
The mechanical properties of the fiber S-Glass depicted in figure 9 and of the polymer matrix shown in figure 10 are considered the analysis of composite consisting of seven layers and possessing the properties as depicted in The analysis result obtained for uniform fiber distribution with relative fiber orientation on each plane is depicted in figure 18 .
The knowledge extracted on the mechanical behavior of composite stiffness with varying volume fractions are listed as bellow. Fibers volume is different at planes. The longitudinal modulus of elasticity relatively lesser at fibers at 45 degree, but increases very fast and the transverse modulus of elasticity also increase to 1 very slowly as the volume fraction increases. Figure 16 : Fibers oriented at 75 degree in all the planes. Fibers volume is different at planes. The longitudinal modulus of elasticity relatively lesser at fibers at 60 degree, but increases very fast and the transverse modulus of elasticity also increase to 1very slowly as the volume fraction increases. 
Mean stiffness Analysis
The mean longitudinal stiffness of the fiber reinforcement composite decreases from to zero as the fiber volume increases with changing relative fiber orientations each plane of the campsite. Table 6 describes the statistical measures of the mean composite stiffness. uniformly distributed and different fiber orientations in different planes. 2. Compatible reinforcement fiber selected from the fiber database.
3. Knowledge about the fiber class-whether short, medium or long fibers. Fiber.
4. From the figures 12-16, it is found that longitudinal modules of elasticity increases from the first plane to last plane as the volume fraction increases.
5. Figure 17 depicts that as the fiber volume faction increases and fiber orientation changes, the stiffness of the composite decreases.
6. The longitudinal stiffness of the composite increases as the volume fiber phase increase. The he means longitudinal stiffness of all the composite planes decreases as the orientations of the fibers placed in the matrix phase changes from 0-90 degree.
7. The mean transverse stiffness of the composite is constant for the mean volume fraction, and mean fiber volume and is independent of the fibers orientations in each plane.
8. The transverse modulus of elasticity of composite increases in all the cases within the interval (0, 1) and is negligible compared to longitudinal modules in all the cases except fibers' orientation at 90 degree. 10. This system can be generalized for analyzing the stiffness of various composite materials by defining their different geometries in the knowledgebase of this system.
11. This system can also be generalized for analyzing the stiffness of other composite materials like fiber reinforcement metal matrix, and fiber reinforcement ceramic composite materials.
Future works
i. The future work is focused on developing generalized software tools for the proposed knowledge engineering system. ii. Designing and implementation of a mathematical model for the determination the equilibrium state of the composite stiffness where both longitudinal and transverse moduli are balanced. iii. Designing data mining algorithms for the prediction of properties of both polymer matrix and reinforcement fiber, when the optimal performance parameters of a desired composite are given -using neural network approach.
